Contour hedgerow intercropping systems have been proposed as an alterna ve to tradi onal agricultural prac ce with a single crop, as they are eff ec ve in reducing run-off and soil erosion. However, compe on for water and nutrients between crops and associated hedgerows may reduce the overall performance of these systems. To get a more detailed understanding of the compe on for water, spa ally resolved monitoring of soil water contents in the soilplant-atmosphere system is necessary. Electrical resis vity tomography (ERT) is poten ally a valuable technique to monitor changes in soil moisture in space and me. In this study, the performance of diff erent ERT electrode arrays to detect the soil moisture dynamics in a mono-and an intercropping system was tested. Their performance was analyzed based on a synthe c study using geophysical measures, such as data recovery and resolu on, and using spa al sta s cs of retrieved water content, such as an adjusted coeffi cient of varia on and semivariances. The synthe c ERT measurements detected diff erences between the cropping systems and retrieved spa al structure of the soil moisture distribu on, but the variance and semivariance were underes mated. Sharp water content contrasts between horizons or in the neighborhood of a root water uptake bulb were smoothened. The addi on of electrodes deeper in the soil improved the performance, but some mes only marginally. ERT is therefore a valuable tool for soil moisture monitoring in the fi eld under diff erent cropping systems if an electrode array is used which can resolve the pa erns expected to be present in the medium. The use of spa al sta s cs allowed to not only iden fy the overall model recovery, but also to quan fy the recovery of spa al structures.
effi ciency due to a combination of high leaching rates in the growing season and shallow root development of annual food crops (Hairiah et al., 2000) . On these soils, erosion and declining soil quality are problematic. Mixed cropping systems are common in traditional production systems in the humid tropics and are an alternative to agricultural practice with a single crop. Contour hedgerow intercropping is a mixed cropping system which involves planting hedgerows of (nitrogen-fi xing) plants along the contour lines of a slope at a distance of 4-6 m (Tang, 2000) . Hedgerows are usually pruned to reduce shading of crops and to supply biomass for mulching. Contour hedgerow intercropping systems are extremely eff ective in reducing runoff and controlling erosion on steep slopes (Lal, 1989; Craswell et al., 1997; Morgan, 2004) . However, sometimes a negative impact on crop response in the alley has been observed (Agus et al., 1997; Turkelboom et al., 1997; Dercon et al., 2006) due to competition and exposure of infertile soil as a result of tillage on steep slopes. Competition for nutrients and/or water between crops and associated hedgerows may reduce the overall performance of contour hedgerow systems and hampers its acceptance by rural communities (Pansak et al., 2007) . To make it a good alternative for traditional monocropping systems, the nature and mechanisms driving this competition need to be understood.
Up until now, mainly the consequences of competition, such as decreased plant productivity and stress symptoms, have been studied (e.g., Hairiah et al., 2000; Imo and Timmer, 2000; Aaltonen and Olofsson, 2002; Dercon et al., 2006; Mushagalusa et al., 2008) . To get a more detailed understanding of the competition for water, two-dimensional or threedimesional monitoring of the water fl uxes in the soil-plant-atmosphere system is necessary. As substantial spatial variability is to be expected, point measurements of water content are not suffi cient. Geophysical imaging techniques, such as electrical resistivity tomography
The performance of various ERT arrays to monitor soil moisture dynamics in the field was investigated. Classical measures such as data recovery as well as spatial measures such as semivariances were used for evaluation. The arrays detected distinct patterns under different cropping systems, but variances and semivariances were underestimated.
www.VadoseZoneJournal.org (ERT) may solve this problem. Electrical resistivity (ρ) is measured by applying an electrical current through a set of electrodes and reading the resulting diff erences in electric potential on separate electrodes. Multi-electrode arrays along lines or grids generate measurements of apparent electrical resistivity in multiple soil volumes arranged in two-dimensional or three-dimensional sections (Rossi et al., 2011) . A data inversion has to be performed to get the resistivity distribution from the measured apparent resistivities. Th e result of this inversion is a model which remains a simplifi ed concept of reality fi tting the data within error bounds and inversion constraints (Günther, 2004) . Th e measured apparent electrical resistivity depends on soil texture and structure (e.g., Besson et al., 2004) , stone content (Cousin et al., 2009) , soil moisture content and soil water salinity (Archie, 1942; Waxman and Smits, 1968; Revil and Glover, 1998; Linde et al., 2006???; Laloy et al., 2011) , temperature, and in some cases on root biomass (Amato et al., 2008; Zenone et al., 2008; Amato et al., 2009; al Hagrey and Petersen, 2011) . Changes of these variables with time, such as soil moisture changes, can thus be followed performing resistivity measurements at several times provided a good calibration relationship between electrical resistivity and the variable under consideration.
ERT has been used before to observe transient state phenomena in the soil-plant continuum by several authors. On the one hand, many publications deal with the water uptake of trees: olive and apricot tree (al Hagrey, 2007; Celano et al., 2010; Celano et al., 2011 ), poplar tree (al Hagrey, 2007 and natural forest (Nijland et al., 2010) . On the other hand, ERT has also been used to monitor water use of agricultural crops (Michot et al., 2001; Michot et al., 2003; Werban et al., 2008; Amato et al., 2009; Srayeddin and Doussan, 2009; Garré et al., 2011) . Th e majority of performed studies stress the promising capabilities of the ERT-technique, but the diffi culties to interpret the measured electrical resistivity remain, certainly under fi eld conditions. First, as the resistivity is aff ected by several factors, the variability of these factors needs to be restricted or measured independently and a fi tting calibration equation needs to be established (Michot et al., 2003; Celano et al., 2011; Garré et al., 2011) . Second, possibly rapid changes in the plant-soil continuum, such as a passing infi ltration front aft er heavy rain or a tracer pulse, require high temporal resolution of the measurement to avoid temporal smearing (e.g., Koestel et al., 2009) . Finally, root water uptake processes are spatially variable, small-scale processes, which require at least decimeter resolution and sensitivity to approximately a 10% moisture change to be able to monitor changes in time and space (Michot et al., 2003; Srayeddin and Doussan, 2009 ).
Many of the above-mentioned issues might be tackled using an appropriate electrode alignment and measurement confi guration. Th e optimal ERT survey should be designed to meet the objectives of the experiment (Stummer et al., 2004) , as diff erent set-ups represent diff erent distribution and amount of data information, signal-to-noise levels and time resolution. If time would not be an issue, one could measure any total comprehensive data set. Noel and Xu (1991) defi ned this as "a suite of non-reciprocal electrode confi gurations comprising all subsurface information an n-electrode array is capable of gathering." However, this data set quickly contains several thousands of measurements for only a few electrodes (see Xu and Noel, 1993) , which is generally unfeasible. Th erefore, the information contained in other, smaller classical measurement arrays has been explored using various measures (Spies, 1989; Curtis, 1999; Alumbaugh and Newman, 2000; Maurer et al., 2001; Friedel, 2003; Furman et al., 2003; Stummer et al., 2004; Oldenborger and Routh, 2009 ). To calculate these measures, an assumption about the subsurface to be measured has to be made beforehand. Th e information content of a 'noncomprehensive' survey does not only depend on the type of survey, but also on the medium to be measured, or more specifi cally, on its statistical resistivity distribution. Recently, Blome et al. (2011) developed a method to maximize the information content from a pole-dipole data set without having to make assumptions about the subsurface resistivity distribution. All papers mentioned above considered arrays with only surface electrodes. However, inclusion of subsurface electrodes in ERT measurement arrays may be simple way to obtain measurement confi gurations with a higher information content. Th e above-mentioned studies focus on the one-to-one data recovery aft er inversion. However, this is oft en a too stringent criterion to evaluate the performance of a measurement. It focuses on a cell to cell data recovery, whereas in many applications one of the most important issues is the recovery of spatial structures and their changes in time. Singha and Gorelick (2005) monitored the movement of a tracer plume with ERT and evaluated the quality of the measurements using mass recovery and an analysis of the center of mass and spatial variance of the imaged tracer plume. Also in the domain of solute transport in the soil, the use of solute transport parameters from breakthrough curves and spatial correlation in resistivity images was used as an alternative quality analysis (Kemna et al., 2002; Vanderborght et al., 2005; Müller et al., 2010) . Th ese studies point out that for the evaluation of ERT for application in the fi eld of soil hydrology we should widen our outlook and use measures which tell us more about the capabilities of ERT to observe the processes we are interested in.
Th e main aim of this paper is to demonstrate a methodology for preparing ERT measurements of soil water dynamics for the specifi c case of a sloping fi eld under tropical climate conditions with monocropping and intercropping systems. More specifi cally, the objectives are to (i) generate realistic soil moisture distributions and resulting resistivity as can be expected under a monocropping and intercropping systems, (ii) analyze the performance of diff erent measurement arrays using spatial statistics of recovered soil moisture contents and classical geophysical measures like e.g., recovery, coverage and resolution radius, and (iii) identify an optimal survey design to capture the generated patterns with ERT during a growing season.
Concerning the electrode arrays, we will consider surface electrode arrays and evaluate the additional value of including buried electrodes in these arrays. We will use classical and well tested measurement confi gurations. To evaluate the performance of the ERT inversion, we will use methods such as data recovery, sensitivity and resolution radius, but include also other means of quantifi cation such as an adjusted coeffi cient of determination and a semivariogram and evaluate their performance as inversion quality indicators. To perform these analyses, we will work with a synthetic dataset. Figure 1 shows the approach followed in this paper to identify the optimal ERT survey design for studying water fluxes under two different agricultural systems. First, a hydrological model is created approaching the soil, relief and climate conditions at a fi eld site near Suan Phung, Ratchaburi Province, Th ailand (see the Hyrdological Model section). Two cases are simulated: a fi eld plot with only maize and one with contour hedgerow intercropping with Leucaena leucocephala L. Aft er a spin-up period of 30 d, the model was run for 130 d starting from maize sowing. Second, a pedo-physical relationship was used to convert the water content distribution of a few characteristic timeframes to a resistivity distribution (see the From Water Content to Resistivity section). We used four pedo-physical relationships of which one was a fi t to measurements conducted in a calibration pit in the fi eld site near Suan Phung. Th e other three equations were used to assess the eff ect of using a deviating relationship on the assessment of the optimal survey design. Th ird, virtual ERT measurements were conducted by forward modeling using diff erent measurement confi gurations and the simulated two-dimensional distribution of resistivities (seethe Experimental Design section). We added noise to the simulated measurements equal to 1% of the resistivity value to approach real measurements which are always prone to background and measurement noise. Aft er that, the data were inverted using a regularization strength such that data were fi tted within the noise level, and the resolution and sensitivity matrix were analyzed (see the Inversion and Measures for Survey Performance section). Finally, we compared the original resistivity distributions with the inverted ones to obtain the model recovery (see the Inversion and Measures for Survey Performance section ). Measures for spatial variability as well as the resolution matrix, sensitivity matrix (based on the recovered resistivity maps) and model recovery (based on recovered water contents) were then used to judge the performance of the measurement arrays.
Material and Methods

General Approach
Hydrological Model
Th e hydrological model was set up using a modifi ed version of Hydrus2D/3D (Šimůnek et al., 1996) , which allows modeling of root water uptake by two diff erent crops simultaneously. Th e simulations were run on a soil cross-section of 13-m length and −3-m depth with an inclination of 15%, i.e., like experimental plots at a fi eld site near Suan Phung, Ratchaburi province, Th ailand. Two cases were simulated: maize (Zea mays L.) monocropping and contour hedgerow intercropping with rows of Leucaena leucocephala, maize, and bare soil strips accounting for a few chili plants with low soil coverage. We assume that we can ignore the heterogeneity of the third dimension, since the biggest contrasts occur because of the root water uptake in the simulation and because of the transition between horizons. Since the plants are planted row-wise along the third dimension, we do not expect that the heterogeneity will change much in the third dimension. Also the horizon boundaries can be assumed to be continuous in the third dimension. As such, we neglect the eff ect of soil heterogeneity in the third dimension. Figure 2 gives an overview of the model. Th e soil consist of three horizons: A p , B and C. A p represents a small disturbed layer from limited tillage (loam), B is an undisturbed soil horizon (sandyclay-loam) and C represents strongly weathered rock material, a horizon which is diffi cult to penetrate for roots, but has quite some porosity (clay loam). Th e hydraulic parameters of these soil horizons are given in Table 1 . Th ese soil hydraulic parameters are just a rough approximation of the soil hydraulic properties, estimated from the textural characteristics of samples of the fi eld site using the class pedotransfer function of Carsel and Parrish (1988) . For detailed predictive hydraulic modeling of the fi eld site, hydraulic characteristics should be obtained by inverse modeling using long term fi eld data. It was assumed that the perennial Leucaena was capable of developing roots in the C horizon, but that maize did not. Th e maize plants had a maximal rooting depth of 1 m, whereas the rooting depth of Leucaena was 1.5-2 m. Distance between Fig. 1 . Overview of the approach followed to identify the optimal ERT survey design for studying soil water dynamics under diff erent two diff erent cropping systems maize rows was 0.75 m and between the Leucaena hedges 6 m (see also Fig. 2 ). We adopted the Feddes root water uptake model with P0 = −10 cm, Popt = −25 cm, P2H = −500 cm, P2L = −500 cm, P3 = −8000 cm, r2H = 0.5 cm d −1 and r2L = 0.1 cm d −1 for both crops. See Feddes et al. (1978) and the Hydrus manual (Šimůnek et al., 1996) for more information on these parameters. Th e hydraulic properties were represented by the van Genuchten equation (van Genuchten, 1980) . We accounted for spatial variability in soil hydraulic properties by applying a scaling factor (y) on the hydraulic conductivity and the pressure head (Miller-Miller similitude) of all three horizons, assuming log10( y) has a standard deviation of 0.434 and a correlation length of 1 m in both directions. Scaling factors are used in soil physics to relate the hydraulic properties at a given location to the mean properties at an arbitrary reference point. Rainfall and potential reference evapotranspiration were taken from an on-site weather station for the growing season of 2009. Th e reference evapotranspiration for a grass reference surface was calculated for hourly time intervals using the Penman-Monteith equation from hourly measurements of solar radiation, wind speed, vapor pressure, end air temperature (Allen et al., 1998) . Based on these climatological data, potential evapotranspiration rates for maize (ET M ) and Leucaena (ET L ) and the potential evaporation rate (E B ) for bare soil were calculated using the Aquacrop model Steduto et al., 2009 ) (see Fig.  3 ). Aft er a spin-up period of 30 d, maize was virtually sown and the Hydrus 2D/3D model was run for 130 d. Th e initial condition was set using a uniform pressure head of −500 cm. Th ree timeframes at t = 0, 60, and 108 d yielded characteristic and distinct soil moisture distributions, which were used as input for the experimental design of the ERT survey. Th e fi rst timeframe represents the soil at the beginning of the growing season. Th e top soil is dry and the distribution of soil moisture is rather homogeneous in the diff erent soil horizons. Th e second timeframe at t = 60 d represents the soil in the middle of the growing season. Crops are taking up water and sporadic rainfall wets the soil. Th e last timeframe at t = 108 d represents the beginning of the strong rainfall period in which the soil is replenished and infi ltration fronts become visible in the soil.
From Water Content to Resis vity
Th e water content of the selected timeframes was converted to an electrical conductivity (EC) distribution using one single pedo-physical relationship for all horizons. Th is pedo-physical relationship was a fi t of EC-WC data in a calibration pit in the fi eld to the simplifi ed Waxman and Smits model (Waxman and Smits, 1968) : where EC b (S m −1 ) is the bulk electrical conductivity (ρ b = 1/EC b ), ϕ (Ω.m), n, and EC s (S m −1 ) are fi tting parameters. Th e water content data were obtained using a TDR probe and the EC data were obtained using four electrodes in Wenner confi guration (10-cm spacing). Th e electrodes, the TDR probe and a temperature sensor for temperature correction were installed in the vertical wall of a calibration pit at z = −0.25 m. However, as oft en there is no information yet on the pedo-physical model at the planning phase of an experiment, we also assessed the quality of the ERT inversion for diff erent pedo-phyiscal models. Th e parameters of the measured and the three relationships deviating from the measured one are given in Table  2 and Fig. 4 shows the relationship together with functions from literature. It must be noted that we neglect the potential eff ect of changing root biomass on the pedo-physical relationship in cropped systems. Since the eff ect is not univocal in the literature, it is impossible to incorporate it without specifi c experimental data. Th e eff ect of the pedo-physical function (f1, f2, f3, and f4) was only assessed using timeframe t = 60 d. For t = 0 and t = 108 d, only the measured function (f4) was applied.
Experimental Design: ERT Electrode Arrays Under Considera on
Th e main water fl uxes in the soil on a steep slope with crop rows following the contour lines are expected to be vertical, due to evapotranspiration, and along the slope, due to subsurface fl ow (Harr, 1977; Hornberger et al., 1991; Gutiérrez-Jurado et al., 2006; Essig et al., 2009) . A plane of surface and subsurface electrodes along the slope, generating a two-dimensional image of the subsurface along the slope, reduces the modeling eff ort considerably and is an acceptable way to capture the resulting soil moisture distributions. Th e main contrasts in water content result from root water uptake and horizon transitions. Since the crops are sown in rows and the horizons are continuous, the heterogeneity in the third dimension is much smaller than in the two-dimesional plane. It must be noted that some of the fi nescale eff ects of three-dimensional heterogeneity will get lost using this approach. As the resolution should be in the decimeter range to measure root water uptake, the electrode separation should be in this range as well. On the soil surface, 36 electrodes are placed 0.33 m apart. At −0.25 and −0.50-m depth, nine electrodes were placed at each depth level with a horizontal separation of 1.32 m. Four classical measurement confi gurations were selected based on their distinct sensitivity distributions (Loke and Barker, 1996) : the Wenner-array, the dipole-dipole array, the pole-dipole array and a combination of the dipole-dipole and the Wenner array.
For each array, we considered data sets using only surface electrodes and datasets including also subsurface electrodes to assess the increase in data information due to deeper electrodes. Th e electrode confi gurations with deeper electrodes have no measurements crossing the diff erent depth levels. Th ey are used as a second and third line in which the same array type is exerted as for the surface electrodes. Th e additional measurements stay confi ned to the depth levels. :
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where m is the model vector, d the data vector, f(m) the forward response of the model, m 0 is a starting or reference model. D is the data weighting matrix, i.e., a diagonal matrix with inverse errors on the main diagonal, and C the model smoothness matrix. Note that we are using logarithmized quantities, i.e., m i = log(ρ) and d i = log(ρ a ). As explained in Rücker et al. (2006) , we impose Neumann conditions at the soil surface to avoid current fl ow through the boundary. Th e other boundaries are treated with mixed boundary conditions aft er Dey and Morrison (1979) . Th e formulation of boundary conditions for the solution of the partial diff erential equations requires boundaries at the modeling domain that are generally far from the sources and parameter contrasts. Th e individual time-steps were processed independently, since we are not analyzing a time series here. Between the three time steps there was a gap of 60 and 48 d. It must be noted that a timelapse scheme regularizing the diff erences to the fi rst or preceding timestep should further improve inversion results and should be used when handling a time series. Th e independent inversion can be seen as the lower limit of what is possible.
Several measures can be used to assess the quality of the information obtained by inversion of the measurements produced by a certain electrode array. A fi rst measure is the distribution of the cumulative sensitivity or coverage (S cum ) (e.g., Furman et al., 2003; Günther, 2004) , which is for a model cell ( j) the sum of the absolute sensitivity values (S i,j ) of all N data points (i):
S cum indicates how the individual model cells are covered by the measurements. To compare this cumulative sensitivity between diff erent electrode arrays, it has to be normalized by the number of data points (N) and the mesh cell size (A cell_ j ). Mesh cells with a log10(coverage) < 0.8 were excluded from further analysis.
A second measure is the resolution radius (r) of a model cell. We fi rst calculated the diagonal elements of the resolution matrix R. Th ey are a quantitative measure of the independence of the inverted values (Menke, 1989) . A diagonal element R jj = 1 indicates perfect resolution of the resistivity in the model cell j, whereas R jj = 0 proves that this cell is completely unresolved (Günther, 2004; Stummer et al., 2004) . Th e resolution matrix (R) of a nonlinear problem can be retrieved by solving:
Friedel (2003) indicated that a resolution radius can be determined for each model cell. Th e concept of the resolution radius allows comparing the resolution of inversions using e.g., diff erent mesh cell sizes. r j is the radius of a sphere at the midpoint of the jth cell having a resolution of 1, assuming a piecewise constant cell resolution. For a triangular mesh with A cell_ j the area of the jth model cell, the resolution radius is: A third measure is the model recovery, which is the diff erence between the model input and the result aft er inversion for each model cell, normalized by the input resistivities or the mean resistivity of the model (not shown). Th is measure is aff ected by the data information of the array, as well as by the errors made during the inversion process. Model recovery can be calculated for the all mesh cells or for average behavior, such as a one-dimensional profi le. We calculated a root mean squared error (RMSE) for the inverted and modeled one-dimensional water content profi les. In addition to the model recovery aft er an inversion with perfect knowledge of electrode placement, we also tested the eff ect of inaccurate electrode placement on the model recovery for the intercropping case at t = 60 d for all arrays with deeper electrodes. In some cases, this effect can be important to acknowledge (Wilkinson et al., 2008; Danielsen and Dahlin, 2010) . For the four classical measurement confi gurations with deep electrodes at t = 60 d, we shift ed each electrode at random in the x or z direction using a normally distributed pseudorandom number distribution with standard deviation 0.03 m in the input fi le for the inversion.
Measures for Spa al Variability
Cell-to-cell comparison of model recovery is a very stringent criterion for model performance in which a few local mismatches might aff ect the evaluation to a major extent. In hydrological studies, the main interest is oft en to capture the spatial patterns which are present in the soil moisture distribution. To test the performance of the diff erent arrays to capture this spatial variability, we defi ned two criteria: an adjusted coeffi cient of determination (Th eil, 1971; p. 164, p. 175-178 ) and the spatial correlation using a semivariogram for each of the tested arrays.
Th e adjusted coeffi cient of determination (R adj 2 ) indicates which fraction of the spatial variability of the simulated WC is explained by the WC derived from ERT measurements and is defi ned as: [8] in which WC inv,i,z / WC mod,i,z is the inverted/simulated water content for mesh cell i in depth class z (0-0.1 m, 0.1-0.2 m, …, 2.9-3 m) and <WC inv > z is the average water content of the inverted mesh for depth class z and this for a selected timeframe. Th is measure is diff erent from a one-to-one comparison since it corrects one-to-one diff erences for possible biases in the estimate of the mean water content at a certain depth. As a consequence, this criterion indicates how well the spatial variability is reconstructed but not how well the mean WC at a certain depth is reconstructed. Th e R adj 2 is used in this paper to judge the recovery of the spatial patterns of soil moisture aft er inversion. Similar information as from the adjusted R adj 2 can be retrieved from a crossplot of simulated versus inverted standard deviations of the WC at a certain depth. A clustering of the deviations from the mean around the 1:1 line indicates that not only the total variability but also the patterns of the soil moisture variability are represented well by ERT. A perfect inversion would result in a 1:1 line and a R adj 2 of 1. R adj 2 might be negative in some cases.
We also compared the spatial structure of ERT-derived water contents and model-derived water contents by comparing their semivariograms. The semivariances show the average degree of dissimilarity between two nearby values for a given distance between these values (Deutsch and Journel, 1997) . Th e semivariance is defi ned as half of the average squared diff erence between two attribute values separated by vector h: [9] where N(h) is the number of pairs, h is the separation vector, x i is the value at the start of the pair i, and y i is the corresponding end value. Th e semivariogram gives information about the nature and structure of spatial dependency in a random fi eld. At a certain distance the semivariogram levels out. Th e distance where the model fi rst fl attens out is known as the range. Th e value at which the semivariogram model attains the range is the sill. Observations spatially separated by more than the range are uncorrelated. A semivariogram waving around the sill points to periodicity in the data set, which can be expected working in an agricultural context with crops planted in rows with a fi xed inter-row distance. As such, the semivariogram provides additional information on spatial variability and patterns of modeled and inverted data sets. Figure 5 shows the modeled resistivity derived from the Hydrus2D simulations and the pedo-physical model f4 together with the inverted resistivities derived from diff erent ERT measurement arrays for the three distinct timeframes (t = 0, 60, and 108 d aft er sowing of the maize) and the monocropping system. Th is image shows the diff erent patterns present in the simulations and illustrates that the spatial variability of soil moisture is highest in the A and B horizon.
Results
Resis vity Distribu ons
At t = 0 d, inverted resistivities match the pattern up to approximately −1 m well, but deeper down the small scale soil heterogeneity seems not to be captured. Th e patterns are 'lumped' into larger regions with a corresponding 'average' resistivity for that area. Th e Wenner array seems to fade out patterns in the deepest layer more than the other arrays. At t = 60 d root water uptake bulbs are detected by the ERT measurement, but smoothed. Even though the water content didn't change much in the C horizon, the Wenner array gives a diff erent spatial distribution of resistivities than for t = 0 d. At t = 108 d, the low resistivity front at the surface caused by rain water infi ltration seems to aff ect the inversion performance deeper down to a large extent. Figure 6 shows the diff erence between the mono-and intercropping system at t = 60 d for modeled and inverted resisitivities. Th e intercropping system diff ers from the monocropping system by the deeper and more extensive root water uptake by the Leucaena hedge and the increased drying of the soil.
One-Dimensional Water Content Recovery
A fi rst aspect to be tested was the ability of the diff erent arrays to measure a correct one-dimensional averaged water content profi le. Figure 7 shows the one-dimensional water content (WC) profi les for the mono-and intercropping case at t = 0, 60, and 108 d for a profi le of 2-m width and 3-m depth in the middle of the simulated domain. In general, ERT predicts the one-dimensional profiles well. However, in the areas of sudden resistivity contrasts, the inverted water content profi les look smoothened and do not follow the jumps. Th e largest deviations between the onedimensional WC profi le of the model and the one-dimensional WC profi le of the inversion are found at t = 108 d, with absolute RMSE between 0.025 and 0.0338 Ωm. Over all timesteps, the Wenner array with only surface electrodes gives the poorest results (0.0272 Ωm < RMSE < 0.0358 Ωm) and the WenDipDip array with deep electrodes included gives the best results (0.0163 Ωm < RMSE < 0.03 Ωm). Th e largest diff erence in performance between the various arrays occurs at t = 60 d. Here, the standard deviation of the RMSE is 0.007 Ωm and 0.006 Ωm for the mono-and intercropping case, respectively. ERT is however capable of detecting diff erences between the mono-and the intercropping case. Th e A and B horizons become dryer in the intercropping system at t = 60 d, which is clearly visible in the one-dimensional profi les. Th e diff erent arrays give way to similar onedimensional profi les, whereas in most cases, the combination of dipole-dipole and Wenner and the pure dipole-dipole measurements are closest to the model curve. As for the one-dimensional profi les, there is no systematic diff erence between the arrays with deeper electrodes (All) and those with only surface electrodes (OS), although below −2 m, many of the OS arrays end up further from the model profile than the All arrays and have a the comparison of their one-dimensional WC profiles results in a higher RMSE.
Spa al Variability of Water Content
In addition to a recovery of mean WC values (see one-dimensional water content recovery), it is important to have a good estimate of spatial variability of soil moisture. Th e recovery of the spatial variability in the mono-and intercropping case and for t = 60 d is shown in Fig. 8 . Th e standard deviation of the water content distribution in the model is plotted against the standard deviation of the WC distribution of the inversion. Th is is done for depth classes of 0.10 m, so each circle/square represents the value for a specifi c depth class (color scale) at t = 60 d. Th e closer the points are to the 1:1 line, the better the inversion reproduces the spatial variability of the model. Generally, the spatial variability of the inversion results is lower than the one of the synthetic model. All arrays capture the high variability between 0 and −1 m and a decreased variability beneath −2 m. Th e Wenner array underestimates the variability the most, also near the soil surface. For z < −1.75 m, the standard deviation is underestimated by almost all arrays. When the electrode coordinates given for the inversion were not correct, this has the greatest impact on the surface variability (not shown). Table 3 gives an overview of the adjusted coeffi cient of determination (R adj 2 ) for each electrode array under consideration, for each of the three times and for the mono-and the intercropping case. Th e dipole-dipole array and the combination of Wenner and dipole-dipole measurements give the best result in almost all cases and times. Th e pure Wenner array is inferior to the others for t = 60 d, but has a similar R adj 2 as the others for the other timesteps. From the table emerges as well that the additional use of deep electrodes oft en improves the result, but not always. At t = 0 d, the diff erence between with and without deeper electrodes is marginal. Th e bad result of PolDip (MC, t = 108 d) results from the emergence of a high resistivity zone in the bottom right part of the soil profi le which is not present in the model (see Fig. 5 ). Note that for the computation of the adjusted R adj 2 , only mesh cells with a coverage >0.8 are included. Table 3 also shows the eff ect of faulty electrode locations on the inversion result. Since it is oft en diffi cult to get accurate electrode positions in the fi eld using a measuring tape, this type of error might aff ect a lot of already published experimental data. Th e gray R adj 2 at t = 60 d indicate the inversions with electrode misplacement. Electrode misplacement reduces the quality of the inversion strongly; for the R adj 2 even lowers with 0.25-0.5 units for all arrays tested. Th e eff ect seems to be more distinct for the monocropping than for the intercropping case. Th is indicates that the eff ect of electrode misplacement depends on the medium in which the measurements are conducted.
Another way to look at spatial variability is the semivariogram. As we know from the previous measures that the highest spatial variability is present between 0 and −1 m depth, we used only this part of the soil region to compute the semivariogram. Figure 9a and 9b shows the semivariograms of the soil moisture for both the mono-and the intercropping case at t = 60 d using 70 lag distances of 0.1 m. Th e variograms show us how the spatial variance of the inverted water contents chances with electrode array, which systematic spatial structures are present in the mono-and the intercropping system and how well these structures are retrieved aft er inversion. In the monocropping case a clear periodicity can be seen in the model semivariogram, caused by the presence of maize plant roots at regular intervals of about 0.75 m. A similar, but more complex pattern represents the intercropping case. As the simulation contains not only maize, but also a Leucaena root zone and pieces of bare soil, the eff ects of diff erent structures are visible, e.g. the distance between two Leucaena hedges is visible in the semivariogram (6 m). All electrode arrays produce a similar, but smoothened or fl attened semivariogram. Th e sill of the inverted semivariograms, which is the limit of the semivariogram tending to infi nity lag distances, is lower than the modeled one. Th e combination of Wenner and dipole-dipole arrays gives the best result. Th e Wenner array has the most diffi culties to reproduce the spatial structure of both cases, which emerges from the very small amplitude of the periodicity in the semivariogram. Th e arrays using only surface electrodes behave similar to those with deeper electrodes for the dipole-dipole and combination array. For pole-dipole and Wenner, the use of only surface electrodes has a larger negative eff ect on the outcome. Overall, the diff erence between cropping systems is visible for all arrays and the presence of root water uptake bulbs can be detected.
Finally, the eff ect of diff erent pedo-physical relationships on the spatial distribution of inverted soil moisture is shown in Fig. 9c  and 9d . Th e diff erent pedo-physical functions result in a diff erent spatial variability in resistivity. However, when converting inverted resistivities back to WC, the result of all four pedo-physical functions is similar. Th e slight diff erences refl ect the impact of the smoothing in the ERT inversion leading to slightly diff erent sills of the retrieved water content distributions. However, it can be stated that the use of a 'faulty' pedophysical function which lies within values of literature data, does not aff ect the inversion quality to a large extent. Th is means that for modeling purposes looking at spatial patterns, one can use literature data to optimize the measurement array for experimental work. However, it is clear that this should not be done to obtain soil moisture data from ERT (d) give model, the inversion for array WenDipDip-All and the inversion for WenDipDip-OS for all four pedo-physical functions for the monocropping and the intercropping case, respectively. data in a real experiment when it is important to also estimate the absolute values of soil moisture content.
Resolu on
Th e resolution radius for all array types and for t = 60 and t = 108 d of the monocropping system is given in Fig. 10 . Th e results for the intercropping system are not shown here, but are very similar. For the pure dipole-dipole and the combination of Wenner & Dipole-dipole, the resolution radius remains under a maximum of 2 m for all cells and for most cells it is smaller than 0.25 m. Th e pole-dipole and the Wenner array exhibit a strong increase of the resolution radius for the deeper mesh cells. Th is increase is more markedly for t = 60 d than at t = 108 d. Th is is especially the case for the Wenner array. Th e insertion of deeper electrodes gives very small areas around the electrode location with decreased resolution radius. However, the eff ect is limited. Th e largest eff ect of removing the deeper electrodes on the resolution radius appears in the pole-dipole array. When comparing the distribution of t = 60 and t = 108 d, an eff ect on r emerges caused by the diff erent resistivity distribution in the timeframes. In the last timeframe, a strong vertical contrast in resistivity causes the pattern of the resolution radius to fl atten at the bottom. Th is eff ect is most visible for the Wenner array.
Discussion and Conclusions
Th e general course of the one-dimensional WC profi les was well reproduced by the diff erent ERT measurement. Th e largest deviations occurred where sharp jumps in water content occurred (boundary between two soil horizons, infi ltration fronts, etc.). Th e resulting contrasts pose an extra diffi culty for smoothnessconstrained inversion of the resistivity data. All electrode arrays produce similar results in terms of one-dimensional profi les. Below −2 m, the arrays without deeper electrodes performed worse than the ones with additional electrodes at −0.25 m and −0.50 m.
Th e standard deviations of water contents at a certain depth and the semivariograms showed that the extent of the spatial variability is generally underestimated and smoothened by the ERT inversion, but the spatial structures remain present in the retrieved WC distributions. Th e main reason for the underestimation is probably the smoothness-constrained inversion, causing strong contrasts to fade out aft er inversion. Th is was already seen in studies using ERT to measure solute transport in soils (e.g., Vanderborght et al., 2005) .
Th e spatial variability is best reproduced by an array combining Wenner and dipole-dipole quadrupoles, probably since it combines the resolving power for horizontal structures of the Wenner array with the resolving power for vertical structures of the dipole-dipole array. Th e pole-dipole and Wenner arrays generally gave worse results than the other arrays. From the semivariograms, it was clear that not including deeper electrodes deteriorated the result most for these arrays. Using only surface electrodes was generally not benefi cial for the inversion result, but the eff ect was less important for the other arrays. Th is limited eff ect was also clear from the mainly local impact on the resolution radius.
Th e standard deviations and consequently the sill of the semivariogram were underestimated more strongly by the Wenner and the pole-dipole array than by the others. Looking at the resolution radius, the Wenner and pole-dipole array showed a stronger increase of resolution radius with depth than the others, explaining the underestimation of the variability. Th ese results show that it is important to estimate the spatially varying resolution for a measurement array to be sure to capture the phenomena under consideration as precise as possible. However, this need of estimating the spatial distribution beforehand can be avoided by calculating and using the complete data set as presented by Blome et al. (2011) .
Th e choice of a pedo-physical function aff ects the range of the resistivity values obtained for forward modeling, but also slightly the spatial patterns of resistivity. Changes in the resistivity range are not problematic for the approach presented in this study, since we are mainly interested in patterns of soil moisture and how they change in time. Changes in the spatial patterns could be problematic, however, since the inversion performance can be diff erent in diff erent media. In our case, we could see that the location of spatial structures remained the same for all four functions, which were chosen from literature and fi t to measurements in the fi eld, and also the magnitude of the variability was very similar. Th e eff ect of using 'faulty' pedo-physical functions within the borders of literature data on inversion errors is therefore only very small and can be neglected for simulation issues if the main interest is to reproduce spatial structures and not to fi nd correct absolute range of resistivities.
Th e eff ect of electrode misplacement was mainly visible at the surface of the profi le and had a strong negative eff ect on the adjusted coeffi cient of determination. Electrode misplacement causes resistivity artifacts in the neighborhood of the electrodes, which is per defi nition on and near the surface. Th e artifacts compensate for faulty geometric factors and cause a bad model recovery. Especially for fi eld experiments, it is important to measure the electrode location as exact as possible to avoid this kind of error. If the misfi t is systematic (as in this case); it can be avoided using an appropriate timelapse inversion scheme (LaBrecque et al., 1996) .
ERT can be used to observe eff ects of cropping systems on soil moisture distribution. Using on-site calibration of pedo-physical parameters, the measurements reproduce the range of water contents well. A major disadvantage of the classical smoothnessconstrained inversion is the fact that sharp resistivity transitions are not well reproduced. If additional information on the thickness of soil horizons is available, they should be included in a starting or reference model and contrast should be allowed at the known boundaries. ERT can handle diff erent types of spatial variability potentially present in mono-and intercropping systems at diff erent stages of the growing season. Th e virtual measurements showed that it is possible to retrieve diff erences between two cropping systems on the same soil and under the same climatic conditions. Note that the selected timeframes were chosen for their representativeness for diff erent stages in the growing season and because they represent 'extremes': from no eff ect of crops visible over distinct root water uptake bulbs under dry conditions and infi ltration during prolonged rainfall events at the end of the growing season. Under wetter conditions, it might be difficult to distinguish single root water uptake regions below the rows by observing the spatial distribution of the data. Th is would be caused by a quick redistribution of soil moisture in the profi le and low resistivities everywhere in the profi le. Here, the use of a semivariogram might be the line to take, since it will reveal spatial structures which are not always clearly visible by the bare eye.
